Background: Medical coding is used for a variety of activities, from observational studies to hospital billing. However, comorbidities tend to be under-reported by medical coders. The aim of this study was to develop an algorithm to detect comorbidities in electronic health records (EHR) by using a clinical data warehouse (CDW) and a knowledge database. Methods: We enriched the Theriaque pharmaceutical database with the French national Comorbidities List to identify drugs associated with at least one major comorbid condition and diagnoses associated with a drug indication. Then, we compared the drug indications in the Theriaque database with the ICD-10 billing codes in EHR to detect potentially missing comorbidities based on drug prescriptions. Finally, we improved comorbidity detection by matching drug prescriptions and laboratory test results. We tested the obtained algorithm by using two retrospective datasets extracted from the Rennes University Hospital (RUH) CDW. The first dataset included all adult patients hospitalized in the ear, nose, throat (ENT) surgical ward between October and December 2014 (ENT dataset). The second included all adult patients hospitalized at RUH between January and February 2015 (general dataset). We reviewed medical records to find written evidence of the suggested comorbidities in current or past stays. Results: Among the 22,132 Common Units of Dispensation (CUD) codes present in the Theriaque database, 19,970 drugs (90.2%) were associated with one or several ICD-10 diagnoses, based on their indication, and 11,162 (50.4%) with at least one of the 4878 comorbidities from the comorbidity list. Among the 122 patients of the ENT dataset, 75.4% had at least one drug prescription without corresponding ICD-10 code. The comorbidity diagnoses suggested by the algorithm were confirmed in 44.6% of the cases. Among the 4312 patients of the general dataset, 68.4% had at least one drug prescription without corresponding ICD-10 code. The comorbidity diagnoses suggested by the algorithm were confirmed in 20.3% of reviewed cases. Conclusions: This simple algorithm based on combining accessible and immediately reusable data from knowledge databases, drug prescriptions and laboratory test results can detect comorbidities.
Background
Medical coding [1] is used for a variety of activities, from observational studies to hospital billing [2, 3] . Therefore, medical codes should match as much as possible the information of the patient's medical record [4] . However, clinical coders do not fill in medical records or take care of patients. Several studies demonstrated that the agreement between medical records and medical codes is variable, if not suboptimal [5] , and that comorbidities, particularly, tend to be under-reported. In this context, the term comorbidities includes all diagnoses beside the principal diagnosis (i.e., the main reason for the patient's hospitalization) that required specific diagnostic and/or therapeutic interventions during the hospital stay [6] . Yet, codes are used on the basis of the assumption that they contain detailed clinical and outcome data [7, 8] . For this, clinical coders need to have access to all the data contained in the medical record.
With the increasing use of electronic health records (EHR), such data become more easily available, especially through clinical data warehouses (CDW) that are great sources of integrated heterogeneous and exhaustive information [9, 10] . In parallel, knowledge databases, such as pharmaceutical databases, are used to analyze and process clinical data and can also support clinical decision-making [11, 12] . The challenge lies in combining these different sources of information to improve the accuracy and exhaustivity of medical codes.
The aim of this study was to develop an algorithm to detect comorbidities in EHR using a clinical data warehouse and knowledge databases. We focused on two different types of data, drug prescriptions and laboratory tests, to assess how they contribute and complement each other for identifying comorbidities.
Methods

Data sources
We used three data sources: clinical data from the Rennes University Hospital (RUH) CDW, knowledge data from a pharmaceutical database and the French reference list of comorbidities.
The RUH CDW (EHOP)
The EHOP [10, 13] CDW contains most of the EHR, including clinical notes, drug prescriptions, laboratory test records and administrative data. Each patient's EHR includes all information about his/her hospital stay. If the patient was hospitalized several times, all these hospital stays are grouped in a single EHR. Diagnoses are coded using the French version of the international classification of diseases, 10th edition (ICD-10), that incorporates the specific French modifications. Data are de-identified and subdivided in structured (drug prescriptions, laboratory test records…) and unstructured (clinical notes) data.
EHOP does not include records from the Anesthesiology Department and the Intensive Care Unit (available only in paper form) and the nursing files.
Theriaque database
The Theriaque database [14] is one of the four drug databases [15] certified by the French Health Authorities (specifically by the Haute Autorité en Santé) and provides exhaustive information on drugs with a marketing authorization. For each drug, this database gives one or more indications (ICD-10 codes, when possible), its Anatomical Therapeutic Chemical (ATC) code [16, 17] and an unique identifier called "Common Unit of Dispensation" (CUD) ("Unité Commune de Dispensation" in French). CUD codes are the French standard for drug identification and are used to process drug data in the Hospital Information System. 
The french comorbidity list
Algorithm development
To detect comorbidities, we developed a three-step algorithm that we then tested in a retrospective observational study ( Figure 1 ).
Step one: Enrichment of the theriaque database with the comorbidity list
We paired the Theriaque database with the Comorbidity List to identify drugs associated with at least one major comorbid condition. This step also identified ICD-10 codes associated with a drug indication and eliminated all ICD-10 codes that could not be paired with at least one drug indication. It also excluded drugs with very broad (i.e., more than twenty indications) or only imprecise (e.g., "Pain, unspecified", R52.9) indications, based on their ATC classification (Additional file 1).
Step two: Detection of comorbidities in the EHR by using drug prescriptions 2.Pairing the ICD-10 drug indications with the ICD-10 billing codes The aim of this step was to estimate the proportion of existing ICD-10 codes from the EHR that can be correctly retrieved by the algorithm. For each hospital stay, we retrieved the names of all the prescribed/administered drugs and all ICD-10 codes originally assigned to that hospital stay by the non-medical coding staff. Then, we compared these ICD-10 codes with those suggested by the Theriaque database for each prescribed/administered drug. This step led to the identification of stays where all ICD-10 codes and drug prescriptions were matched.
3.Comparing the theriaque database drug indications with the EHR information
For the stays where not all drug prescriptions were matched with ICD-10 codes, we derived the potentially missing diagnoses using the prescribed drugs. Briefly, each drug prescription without at least one ICD-10 code that matched the drug indications, according to the Theriaque database, was a clue for a possible missing comorbidity. For these drugs, the Theriaque database suggested a list of ICD-10 codes, among which some were included in the Comorbidity List and were thus flagged as possible comorbidities.
Step three: Detection of comorbidities in the EHR using drug prescriptions and laboratory test results
In the last step, we improved comorbidity detection by using another source of structured data. For this study, we focused on sodium polystyrene sulfonate (SPS), because 
Study populations
We retrospectively tested the algorithm using two different datasets extracted from the EHOP CDW. The first dataset included all stays of adult patients hospitalized at RUH ear, nose, throat (ENT) surgical ward between October and December 2014 and with at least one drug prescription (ENT dataset). We chose this unit because comorbidities unrelated to the cause of hospitalization are rarely mentioned in the surgical record and thus, it represented a good test for our algorithm.
The second dataset included the stays of all adult patients hospitalized at RUH between January and February 2015 and with at least one drug prescription (general dataset).
Algorithm evaluation
We reviewed all the diagnoses suggested by the algorithm using the data from the medical records extracted from the EHOP CDW, to find written evidence about such comorbidities in the current or past hospital stays.
We evaluated the algorithm performance by computing Precision, Recall and F-Score metrics for the ENT dataset. For the general dataset, we did not compute Recall because the value obtained for the ENT dataset suggested that the algorithm could efficiently detect comorbidities based on the drug prescriptions.
Precision is the ratio between the number of stays with confirmed diagnoses and all stays with suggested diagnoses. Recall is the ratio between the number of stays with confirmed diagnoses and all stays with missing diagnoses. The F-Score is the harmonic mean of Precision and Recall. The detailed description of the evaluation process can be found in Additional file 2.
Statistical analysis
We described quantitative variables using means and standard deviation and categorical variables using counts and percentages. We calculated the inter-expert agreement using the Cohen's Kappa (κ) coefficient. We performed all statistical analyses with R 3.3.1 [19] .
The suggested diagnoses were confirmed or not by one medical expert for the ENT dataset and by two medical experts for the general dataset. These investigators had a public health background and were familiar with the EHOP CDW and the Program of Medicalization of Information Systems. They also knew well the coding guidelines because they have been involved in coding for a few years before this study. The two experts reviewed all records from the ENT dataset and only a random sample from the general dataset, to estimate the algorithm metrics and inter-observer agreement. We calculated that the size of the general dataset sample required to have a 90% inter-observer agreement rate, with β = 0.80 and α = 0.05, was 285 stays.
For each drug prescription, the two experts had to confirm at least one of the suggested comorbidities (ICD-10 codes) or to reject all of them. To confirm a diagnosis, they compared the title of the suggested ICD-10 code or its synonyms (based on the list of synonyms provided by ICD-10) with the diseases/symptoms recorded in the EHR. If they rejected all diagnoses suggested by the algorithm based on the drug prescriptions (structured data), they examined the discharge notes (unstructured data) to confirm their decision. This was done to ensure that the rejection was based on the absence of data on a given disease/symptom and not on the CDW inability to extract all available data. Any disagreement between experts required a consensus session with a third expert to reach a final decision.
Results
Enrichment of the theriaque database with the comorbidity list and identification of the relevant ICD-10 codes Among the 22,132 CUD codes presents in the Theriaque database, 19,970 (90.2%) were associated with one or more ICD-10 codes, based on the drug indication(s). Moreover, 11,162 (50.4%) CUD codes were associated with at least one of the 4878 comorbidities from the Comorbidity List. Among the 40,000 codes included in the French ICD-10, only 4407 (11.0%) were present in the Theriaque database as a drug indication.
Study populations
After excluding all hospital stays without at least one drug prescription, or with prescriptions of excluded drugs or without at least one ICD-10 code associated with a drug, the ENT dataset included 122 stays and the general dataset 4312 stays (Figure 2 ).
Inter-observer agreement
We assessed the inter-expert agreement using a random sample (n = 285) from the general dataset (see Materials and Methods). The two medical experts reached an agreement on 280 cases (κ = 0.74; 95% CI, 0.58-0.90). For the five remaining stays, the experts' disagreement could be explained by the Program of Medicalization of the Information Systems coding rules. For instance, the reimbursement guidelines do not allow coding some diagnoses/symptoms. Accordingly, even if present in the medical record (and, thus, confirming the suggested comorbid conditions), these diagnoses will not be coded in the hospital stay (and, as a consequence, the drug will not be associated with an ICD-10).
Detection of comorbidities in the EHR Evaluation of the ENT dataset
Among the 730 ICD-10 billing codes present in the 122 stays of the ENT dataset, 339 (46.4%) were detected by the algorithm. The algorithm suggested a possible missing comorbidity in 92 of the 122 stays (75.4%) (Additional file 3).
The expert confirmed the suggested diagnoses in 41 of these 92 stays (44.6%) and added 58 ICD-10 codes to the stay (Additional file 4). Among these 41 stays, 12 (29.2%) had a major comorbidity (i.e., included in the French Comorbidity List) (Table 1) (Additional file 5). Recall was 95.3% and Precision was 44.6%, with an FScore of 60.7%.
The medical expert did not confirm the suggested diagnoses in 51 of the 92 stays for two main reasons: i) the stays did not contain information concerning the suggested comorbidity (n = 31; 60.8%); ii) the drug indication was based on implicit judgments and, therefore, could not be added to the stay (n = 20; 39.2%). Table 1 Number of stays in which comorbidities (ICD-10 codes) were detected by the algorithm using the drug prescriptions Drug prescriptions could not be combined with the laboratory test results (step 3) because only one stay in this dataset included a SPS prescription.
Evaluation of the general dataset
Among the 4932 ICD-10 billing codes present in the 4312 stays of the general dataset, 1271 (25.8%) were detected by the algorithm. The algorithm suggested a possible missing comorbidity in 2950 of the 4312 stays (68.4%) ( Table 1) .
The two experts confirmed the suggested diagnoses in 58 of the 285 reviewed stays (Precision, 20.3%) and added 76 ICD-10 codes (Additional file 4). Among these 58 stays, 18 (31.0%) had a major comorbidity added (Table 1 ) (Additional file 5).
The two experts could not confirm the suggested diagnoses in 227 reviewed stays for two mains reasons: i) the EHR had no information concerning the suggested comorbidity (n = 95; 41.9%); ii) the indication for the drug prescription was implicit and therefore could not be added to the stay (n = 132; 58.1%).
Combining SPS prescriptions and laboratory results (plasma potassium concentration) improved the detection of hyperkalemia by 66.8%, compared with using only the laboratory results. Specifically, 1270 stays in the general dataset had laboratory results including blood potassium values and in 152 of them (12%) this value was higher than 5 mmol/L, but without a hyperkalemia ICD-10 billing code. This means that for 12% of stays in this dataset the hyperkalemia ICD-10 code could be added only on the basis of the laboratory test results. Moreover, 299 stays in this dataset included an SPS prescription. Among them, 85 did not have a hyperkalemia ICD-10 billing code and 67 had a potassium concentration value higher than 5 mmol/L, which means that in 78.8% (67/85) of stays, the algorithm could detect a hyperkalemia ICD-10 code by combining the laboratory test result and the SPS prescription.
Discussion
This study demonstrates that an algorithm based on clinical data and knowledge databases can detect comorbidities in EHR. The algorithm suggested missing comorbidities for more than half of the stays and, depending on the dataset, billing codes were improved by 6-8% after expert review. Moreover, by combining drug prescriptions and laboratory test results hyperkalemia detection was improved by 67%.
To develop this algorithm, we applied strategies similar to those used for adverse drug event detection [20] [21] [22] . First, we enriched a pharmaceutical database with a comorbidity list. Indeed, 90% of drugs in the Theriaque database have at least one ICD-10 drug indication. However, only 11% of the existing billing codes are present in the Theriaque database. On the other hand, the algorithm cannot use drugs with a wide range of indications (up to hundred codes) because they cannot be associated with a limited list of comorbidities. Moreover, in specialties, such as psychiatry and rheumatology, most drugs are prescribed to treat symptoms rather than specific diseases. In addition, some major comorbidities from the French Comorbidity List are treated surgically (e.g., gastrocolic fistulas [23] ) and therefore cannot be detected with this algorithm. Despite these limitations, the algorithm covers 75% of stays with at least one drug prescription and about half of all hospital stays, confirming that drugs are adequate to capture comorbidities.
Then, we combined laboratory test results and prescription of drugs with narrow indications (SPS, in this study) to improve comorbidity detection [24] . This result needs to be confirmed in other similar situations, to further validate the algorithm performance.
We then used data extracted from the EHOP CDW to confirm the diagnoses suggested by the algorithm. The EHOP CDW gives the opportunity to get back to the free text reports (unstructured data) [13] . This allowed us not only to identify relevant information with the help of rules based on structured data, but also to validate and ensure the accuracy of such information. The suggested codes were always manually validated to confirm their accuracy and relevance. Indeed, the objective our system is not to automatically add codes to the EHR, but rather to highlight patient records that could be improved without the need to systematically review all records.
Although the algorithm can identify missing comorbidities, the method has some limitations. First, some drug prescriptions are not covered by the Theriaque database, because it only records indications approved by regulatory agencies for the drug original marketing authorizations, but not "off-label" usage [25] . Yet, doctors do prescribe "off-label" and regulatory agencies recognize this use for patient groups not included in the original approval [26] . As a result, several discrepancies exist between the "official" indication for a drug in the Theriaque database and the actual reasons for its prescription. The algorithm cannot detect these situations because it only relies on official drug indications.
Second, the Cohen's kappa coefficient value (0.74) indicates a substantial agreement between observers, which could be explained by their common background and similar training. This value could have been improved by involving more human experts, but very few were available at the time of the study.
Furthermore, the suggested diagnoses were confirmed only in 20% of cases. The remaining diagnoses could not be confirmed mainly because information was often implicit, a recurring issue in healthcare [27] , particularly in the case of preventive treatments. For example, secondary prevention after a cardiac event is an essential part of cardiovascular disease management and is integrated in the everyday practice, as recommended by clinical guidelines [28] . Thus, for patients with cardiovascular diseases, physicians do not explicitly write down the arguments for their prescription in their notes, because they expect other physicians to understand the initial reasoning by (i) reading the patient's medical history, and (ii) by consulting the official guideline practices related to that condition. Here, the algorithm suggested a disease, while the clinical notes mentioned a risk factor rather than a comorbid condition. To improve the algorithm limitations concerning implicit information, the use of natural language processing (NLP) methods could be explored. Indeed, NLP methods can identify implicit information in medical notes [29] using machine learning-based [30] , rule-based [31] or both approaches [32, 33] . Although NLP methods yield good results [29, 34] , they often target specific diseases, and it would be hard to differentiate between main disease and comorbidities. Future studies should determine whether combining our approach with NLP methods and focusing on the most frequently missing comorbidities might improve the algorithm performance [35] .
Nevertheless, our algorithm can improve the patients' characterization using EHR data [36] . This is important because patient phenotyping [37] is now employed to describe patients not only for optimal reimbursement [38] , but also for research purposes [36, 39] . EHR-driven phenotyping is efficient only if ICD-10 billing codes are sufficiently exhaustive [40] . Our algorithm adds another level of information to the clinical data by using knowledge databases. It improves the reliability of the ICD-10 billing codes used to describe patients. We think that this could help ensuring accurate reimbursement of patient stays and improve knowledge discovery from studies based on EHR data. The next step in our project is to ask clinical coders to test the algorithm in the daily practice. We think that they could use the algorithm to improve their initial coding from scratch and we would like to fully implement it in the EHOP CDW. In the future, we want to automatically send to the coding software the list of stays with potentially missing comorbidities and the codes suggested by the algorithm. Thus, all clinical coders will benefit from the system for their daily practice.
